ABSTRACT Due to the limitation of the seismic data acquisition environment and instrument, seismic data are often subjected to random noise interference. At the same time, random noise is inevitably introduced in the processing of seismic data. To solve the problem, this paper proposes a seismic data denoising approach based on bidimensional empirical mode decomposition (BEMD) and shearlet transform. In the beginning, the BEMD is used to decompose the seismic data with noise, and several intrinsic modal functions (IMFs) are obtained according to the frequency distribution from high to low. Then, the shearlet transform is applied to reduce the noise of the high-frequency IMF. Finally, the denoised high-frequency IMF component and the low-frequency IMF component are accumulated and reconstructed to achieve the noise reduction of seismic data. The proposed method was used to perform noise reduction experiments on seismic data. The results show that the proposed method performs better and can reduce the uneven deformation of seismic wavefront compared with other methods.
I. INTRODUCTION
With the wide application of seismic exploration technology, the noise interference caused by the complex industrial environment is becoming more and more serious. On one hand, it sometimes even completely confuses the real signal; On the other hand, in the process of seismic data processing, it will inevitably generate quite a few artificial noises. However, almost all post-processing of seismic data requires high quality data such as seismic inversion [1] , [2] , wavelet estimation [3] , [4] , etc. Therefore, the suppression of seismic data noise is an exceedingly important issue [5] , which is directly related to the quality of seismic data.
At present, there have been a wide variety of approaches [6] , [7] for denoising seismic data. Among them, seismic data reconstruction based on sparse representation has become a kind of widely used denoising approach [8] , [9] , The associate editor coordinating the review of this manuscript and approving it for publication was Dongxiao Yu.
and its typical representative includes data denoising based on Curvelet transform and Shearlet transform [10] , [11] . The Curvelet transform is proposed by Zhang et al. [12] and Candès and Donoho [13] , which is a multi-scale geometric analysis approach. It provides a near-optimal representation for objective function with smooth singularity curve. The transform base of Curvelets is composed of curved elements with different sizes and directions. It has multi-scale and multi-directional recognition ability and is considered as one of the best methods for sparse expression of seismic data. It has been widely used in the field of seismic noise suppression. Hennenfent and Herrmann [14] propose an extension of the fast discrete curvelet transform to nonuniformly sampled data. Tang and Ma [15] combines the 3-D TV minimization technique with the curvelet transform in order to remove seismic noise. Li et al. [16] proposed a denoising approach based on the wavelet transform and the curvelet transform. Although this approach has certain advantages in the sparse representation of seismic data, it has a high computational complexity, and the size of each scale coefficient matrix after transformation is different; The Shearlet transform, proposed by Guo et al. Reference [17] is based on the composite wavelet theory and geometric multi-scale analysis, which improves the computational problem of different sizes of coefficient matrix after transformation. Compared with the Curvelet transform, the Shearlet transform has the same nonlinear error approximation order, and it has simpler mathematical structure and better directivity and sparsity. There is a more direct correspondence between Shearlet coefficients and seismic data points. It is more conducive to the processing and utilization of coefficients. It has been widely used in various fields. Kong and Peng [18] proposed an effective denoising method based on shearlet and total generalized variation (TGV) regularization. Liang et al. [19] introduced the singular value decomposition algorithm to non-subsampled shearlet transform, which get the effect of the microseismic data denoising. To find the optimal solution of image denoising based on sparse representation, Liu et al. [20] proposed a novel denoising method via sparse representation in Shearlet domain based on continuous cycle spinning. However, due to the complexity of the seismic data with noise, there will be excessive reflection of Gibbs artifacts and weak reflection axis signals after the seismic data noise is suppressed by this approach. The reason for this phenomenon is that the weak signal in seismic exploration has a small and continuity coefficient after being transformed. Therefore, these transform coefficients are easily eliminated as noise during the noise reduction process.
As the in-depth development of the seismic data denoising method in transform domain, the noise reduction method based on transform domain gradually reveals some defects. Same as the other transform, Shearlet cannot effectively distinguish weak signals and noise, and there are artificial textures in the results. Therefore, we propose a new seismic data denoising method in this paper to overcome this disadvantage. We combine the BEMD and the Shearlet transform to denoise seismic data. Since BEMD has an adaptive decomposition characteristic, the noise-contained seismic data can be decomposed by BEMD, and obtain decomposed IMF components which are arranged from high frequency to low frequency. Next, the high frequency IMF components with a lot of noise is processed by the Shearlet threshold method while the low frequency IMF components with less noise remain intact. In the denoising process, the method of this paper not only does not destroy the effective information in the low frequency IMF component but also can remove the noise in the seismic data and suppress the artifact phenomenon.
II. BASIC THEORY A. BEMD
EMD is an effective signal processing method proposed by Huang et al. in 1998 to study the time frequency of signals [21] , then it is extended to Bidimensional signal. Based on the local time characteristic scale of the signal, EMD can adaptively decomposes a complex signal into several IMFs (Intrinsic Modal Functions) from high frequency to low frequency and a residue. As long as all IMFs are reconstructed with the residuals, the original signal is obtained without distortion or loss of information. This process can be simply represented by the following expression. (1):
An IMF satisfies the following two conditions: 1. In the whole data set, the number of extreme points and the number of zero crossings must either equal or have a difference less than 1;
2. At any point, the mean value of the envelope defined by the local maxima and the envelope defined by the local minima is zero.
Since EMD has an excellent effect on the processing of one-dimensional signals, especially the processing of non-stationary signals, and has been widely used in many fields [22] , [23] . Currently, scholars extended it to the field of two-dimensional signal processing and proposed BEMD theory [24] , [25] .
The steps of BEMD used in signals are as follows: Define f (x, y) as the original seismic data.
Step 1. Initialization: r i (x, y) = f (x, y) (the residual), and i = 1 (index number of IMF)
Step 2. Extraction of the No.i IMF:
Step 2-1. Initialization: h 0 (x, y) = r i (x, y), k = 1, where h 0 (x, y) denotes the value of temporary variables, and k denotes the number of iterations
Step 2-2. Calculating the local extrema of h k−1 (x, y), where h k−1 (x, y) denotes the value of h k−1 (x, y) in the (k-1)th iteration.
Step 2-3. Get the upper envelope e max and the lower envelope e min by 2D-interpolation of the local extrema points.
Step 2-4. Calculating the mean of the two envelopes:
Step 2-5. Calculating h k−1 (x, y):
Step 2-6. Calculate the value of S and check whether S satisfies the termination conduction. The S is calculated as follows:
In this expression,ε is termination condition, and the condition is normally chosen as ε ≤ 0.3.
If S is less than 0.3, then imf i (x, y) = h k−1 (x, y) and update residual, otherwise jumps to 2-2 and set k = k + 1.
Step 3. Update residual r i+1 (x, y): Step 4. Repeat steps 2-3 with i = i + 1 until imf N is extracted. Finally, the expression of f (x, y) can be obtained as:
B. SHEARLET TRANSFORM
During the processing of seismic data, optimal sparse representation of seismic data is a crucial issue. In 2007, based on traditional composite wavelet [26] , [27] , Guo and Labate [17] proposed Shearlet transform by combining the traditional affine system theory and multi-scale geometric analysis. The Shearlet transform has near-optimal sparse representation, and can detect all singular points in the signal, adaptively track the direction of the singular curve, and accurately describe the geometric singularity in the signal.
When dimension n = 2, the affine systems with composite dilations is defined (7):
where W AB ( ) denotes the composite wavelet, ∈ L 2 (R 2 ) is the element in the affine system with composite dilations, A and B are [2 × 2] invertible matrices, | det B| = 1, j is the scale parameter, l is the shear parameter and k is the translation parameter. If W AB ( ) satisfies the Parseval framework which means for each f ∈ L 2 (R 2 ) i. e. (8):
In expression (7), A j is associated with scale transformations and B j is associated with geometrical transformations, such as rotation and shear.
Shearlet is a special condition of affine systems with composite wavelets in L 2 (R 2 ), where a = 4, s = 1. A is the anisotropic dilation matrix that controls scale transformations of the Shearlet transform. B is the shear matrix that controls the direction of the Shearlet transform.
Let ∈ L 2 (R 2 ) satisfies (x) as shown in expression (10):
On the support ofˆ 2 andˆ 2 , it can be deduced that: whereˆ j,l,k is supported on a pair of trapezoids with an approximate size of 2 2j × 2 j , and it is oriented along 2 −j l as shown in FIGURE. 1:
From (11) and (12), it can be deduced that:
In 
Expression (15) Similarly, a Parseval frame can be constructed for L 2 (D 1 ) ∨ , where D 1 is a vertical cone, and (1) is given byˆ 1 (ξ ), then (17) can be obtained as followŝ
It is a Parseval frame for L 2 (D 1 ) ∨ .
C. SHEARLET THRESHOLD DENOISING METHOD
We introduce the Shearlet threshold denoising method to suppress random noise of seismic data. The model of noisy seismic data can be shown as expression (18):
where u denotes the seismic data contained noise, u denotes the seismic data, and α denotes random noise. The Shearlet coefficients of seismic data can be obtained by the Shearlet transform. The Shearlet coefficients of random noise distribute in different scales and directions. Since the energy of seismic data is stronger than the energy of random noise, the Shearlet coefficients of seismic data is bigger. Therefore, we can suppress random noise by threshold method to achieve the separation of signals and noise. As shown in expression (19) : where S denotes Shearlet transform, S T denotes inverse Shearlet transform, T denotes the threshold function. Since random noise and seismic data are different in the Shearlet domain, we can separate them by this property. Usually, the coefficient of random noise is much smaller than the coefficient of seismic data. When the threshold is determined, VOLUME 7, 2019 we choose the hard threshold function, as shown in expression (20):
where s denotes the Shearlet coefficients, λ denotes threshold.
where C denotes the root mean square ate different scales and directions, and σ denotes the standard deviation of random noise. We can calculate the value of σ by the estimatedσ u,j . As shown in expression (22):
where i denotes the scale, j denotes direction. The noise reduction processing diagram is shown in FIGURE. 3.
III. PROPOSED ALGORITHM A. THE ALGORITHM MODEL
Seismic signal is composed of components of different frequencies. For noise contained seismic signal, its noise is mainly concentrated in the high frequency part, while the low frequency part contains little noise. During the denoising process, the traditional denoising method is not based on the different noise in each frequency of the data, so it does not effectively distinguish between noise and real signal. This not only results in the loss of some valid information in the seismic data after denoising, but also the deterioration of seismic data quality. In this paper, BEMD are used to decompose the noise contained seismic data into BIMF components of different frequencies. After the seismic data is decomposed, the first two decomposed high frequency IMFs contain most of the noise. To remove the two IMFs directly for noise reduction, this will lose some signal information. In order to solve this problem, the Shearlet threshold method is used to denoise the selected high frequency IMF components so that signals into IMF components from high frequency to low frequency. Then, only the high frequency IMF component are denoised, and the information of the original signal are fully retained. The specific algorithm process is shown in Table 1 .
IV. EXPERIMENTAL RESULTS AND ANALYSIS

A. EXPERIMENTAL DATA SOURCES AND COMPARISON INDICATORS
The Marmousi velocity model is selected in this paper to simulate seismic data for analysis [28] . It is an international detectors are located on both sides of the source, with a space of 10m, and 200 seismic traces are obtained by forward modeling. The seismic data obtained from the forward modeling is used to perform numerical experiments, as shown in FIGURE. 6 .
In order to quantify the effectiveness of the proposed method, the peak-to-noise ratio (PSNR) is used to evaluate the denoised results [29] . The evaluation parameters are defined as follows:
In this expression, f 0 represents the original seismic data, MSE represents the Mean Squared Error.
B. EXPERIMENTAL DATA SOURCES AND COMPARISON INDICATORS
In order to verify the effectiveness of the proposed method, BEMD is first used to decompose the seismic signal into multiple IMFs components (IMF1, IMF2, IMF3. . .) and a residual function, as shown in FIGURE. 7-11. It can be seen from FIGURE.6 that the first IMF contains rich boundaries and details information. The second IMF contains enough boundary information but is less clear than the first, and the other components have less and less detail information. This paper also uses BEMD to process the noise contained seismic data, and obtains the IMFs, as shown in FIGURE. 12-16. By using Fourier transform, the transformed spectrum of IMF is obtained. By comparing FIGURE. 7-16, it can be seen that the first IMF and the second IMF contain the largest amount of the noise, while the other components contain very little noise. In order to avoid destroying the effective information in the low frequency, the proposed method is applied to the noise reduction of only the first two high frequency IMFs components using the Shearlet transform.
Based on our proposed model, we use the Shearlet threshold method to remove noise of IMF components of FIGURE. 16 and FIGURE. 17. The denoised results are shown in FIGURE. 17 and FIGURE. 18. The noise in the IMF component is removed by analyzing the spectrum of the IMF component after noise reduction.
In order to prove the validity of the proposed method, we selected the seismic data in FIGURE. 6 for experiments. In this paper, the seismic data is contaminated by artificially adding white Gaussian noise with zeros-mean and variance σ . In the experiment, it is compared with other denoising methods. FIGURE. 19 shows the noise seismic data after adding σ = 30. FIGURE. 20(a) shows the result of denoising by the Wavelet threshold method, and the type of wavelet is Gabor. As can be seen from FIGURE. 20(a), the noise is somewhat suppressed. However, the edge contour is not clear enough, the detail loss is serious, and a lot of noise still exist. FIGURE. 20(b) shows the result of denoising by the Curvelet threshold method. It has an certain effect, but a lot of noise still remained. The detail edge information is damaged, and phenomenon of Gibbs is existed. FIGURE. 20(c) shows the result of denoising by the Shearlet threshold method. Its noise reduction effect has been improved, but it still removes some texture of edge of information in seismic data denoising. FIGURE. 20(d) shows the result of denoising by the proposed method. Compared with other methods, the proposed method has better denoise effect, less loss of edge and texture information, more complete small details and relatively excellent artifact suppression.
In order to obtain better evidence, we added the difference plot between the original and denoised data. It can be seen from the FIGURE. 21 that our method has better effect than other method. By comparing the information in the graph, the effective information lost by other methods is more after denoised. But our method has less information loss, which proves the effectiveness of our method.
TABLE 2. Comparison of experiment results(/dB).
We can conclude that the proposed method is better than other methods by analyzing the data in Table 2 . The Wavelet threshold method can suppress some of the seismic noise, but there is still more noise remained and the PSNR of the result after noise reduction is relatively small. Meanwhile, we can see that the Curvelet threshold method and the threshold Shearlet method are better than the Wavelet threshold method. It can be seen from the PSNR comparison results in Table 2 that the PSNR of the proposed method is 3.5∼4dB higher than that of the wavelet threshold method. Compared with the Curvelet threshold method, the PSNR of the proposed method is improved by 2 to 3.5 dB. Our method is 1∼1.5dB higher than the Shearlet threshold method in PSNR, which means the method is effective. The results show that the proposed method reduces the effective information loss while suppressing seismic noise.
V. CONCLUSIONS
This paper proposes a seismic data denoising method based on BEMD and the Shearlet transform. This method can effectively separate the high and low frequency components of seismic data by using BEMD. By analyzing the spectrum of these high and low frequency components, it can be found that the random noise in seismic data is mainly distributed in the first two high frequency IMF components, while less random noise is distributed in the low frequency IMF components. In addition, it also can be found that the edge and the texture information of the seismic image are included in the high frequency IMF component. Based on the above theory, the Shearlet transform is used in the process of the first two high frequency IMF components to enhance the edge and texture information as well as denoising. The experimental results show that the proposed algorithm can effectively improve the peak signal-to-noise ratio (PSNR) of seismic data, and suppress the random noise in seismic data in high frequency components, effectively retaining the low frequency components of seismic data.
Our proposed method can effectively remove noise, but there are some aspects that can be completed. The method uses BEMD to decompose the seismic data into IMF components, and the first two IMF components are denoised by the Shearlet threshold method. The method uses both BEMD and Shearlet threshold methods simultaneously in the noise reduction process, which complicates the calculation process. Therefore, it can be improved in terms of time complexity, and we need to explore in the future. 
